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Abstract. Adult attention-deficit/hyperactivity disorder (ADHD) is a
mental health disorder whose symptoms would change over time. Com-
pared with subjective clinical diagnosis, objective neuroimaging biomark-
ers help us better understand the mechanism of brain between patients
with brain disorders and age-matched healthy controls. In particular,
different magnetic resonance imaging (MRI) techniques can depict the
brain with complementary structural or functional information. Thus,
effectively integrating multi-modal MRIs for ADHD identification has
attracted increasing interest. Graph convolutional networks (GCNs) have
been applied to model brain structural/functional connectivity patterns
to discriminate mental disorder from healthy controls. However, existing
studies usually focus on a specific type of MRI, and therefore cannot well
handle heterogeneous multimodal MRIs. In this paper, we propose a het-
erogeneous graph attention convolutional network (HGACN) for ADHD
identification, by integrating resting-state functional MRI (fMRI) and
diffusion MRI (dMRI) for a comprehensive description of the brain. In
the proposed HGACN, we first extract features from multimodal MRI,
including functional connectivity for fMRI and fractional anisotropy for
dMRI. We then integrate these features into a heterogeneous brain net-
work via different types of metapaths, with each type of metapatch cor-
responding to a specific modality or functional/structural relationship
between regions of interest. We leverage both intra-metapth and inter-
metapath attention to learn useful graph embeddings/representations
of multimodal MRIs and finally predict subject’s category label using
these embeddings. Experimental results on 110 adult ADHD patients
and 77 age-matched HCs suggest that our HGACN outperforms several
state-of-the-art methods in ADHD identification based on resting-state
functional MRI and diffusion MRI.
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Fig. 1. Illustration of (a) homogeneous and heterogeneous graphs, and (b) functional
and structural connectivity networks derived from resting-state fMRI and diffusion
MRI of the same subject.

1 Introduction

Attention-Deficit/Hyperactivity Disorder (ADHD) is one of the most common
neurodevelopmental disorders that occur in children, adolescents, and adults.
Patients with ADHD often exhibit an ongoing pattern of inattention, hyperac-
tivity and impulsive behavior [1].

Previous studies usually pay more attention to children with ADHD and
have made substantial achievements in computer-aided diagnosis [2]. However,
ADHD can last into adulthood, and symptoms along with adult patients can
lead to difficulty at home or work and in social settings. The current diagnosis
of ADHD in adults gathering multiple resources is mainly based on subjective
observation or rating scale, such as diagnostic manual Diagnostic and Statistical
Manual of Mental Disorders, Fifth Edition (DSM-5). Considering the fact that
ADHD-associated symptoms would change over time, it is essential to employ
objective imaging biomarkers to help us better understand the brain mechanism
of adult ADHD for timely intervention and effective treatment [3–6].

In the past two decades, the use of non-invasive neuroimaging techniques
such as electroencephalography (EEG), magnetic resonance imaging (MRI) and
functional MRI to describe and understand the brain has progressed rapidly
[7–9].

With the development of these brain imaging technologies, we have more
direct ways to observe and measure those brain structural and functional alter-
ations between healthy control and pathological conditions [10–13]. Currently,
the etiological bases and neural substrates of adult ADHD are far from being
fully understood. For instance, patients with ADHD suffer from inattention,
hyperactivity, and impulsive behaviors that are not matched with their own age.

To better understand the neurobiological mechanisms underpinning this men-
tal disorder, many fMRI-based studies have reported that large-scale brain dys-
functions may lie in ADHD patients [14,15]. Also, diffusion tensor imaging (DTI)
based studies [16–18] have suggested that the underdevelopment of gray or white
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Fig. 2. Illustration of our Heterogeneous Graph Attention Convolutional Network
(HGACN) for ADHD identification with multimodal MRI. The whole framework con-
tains 3 parts: 1) Based on preprocessed functional and diffusion MRIs and specific atlas,
we calculate Functional Connectivity (FC) from fMRI and Fractional Anisotropy (FA)
from dMRI. 2) Based on the calculated functional and structural connectivity matrix,
we construct a heterogeneous graph with two different nodes and three kinds of edges
for each subject. 3) Based on the constructed graph, we employ a heterogeneous graph
convolution network to learn a new graph embedding for each subject. With learned
graph embedding, a fully-connected layer is leveraged for predicting the category label
of a subject.

matter structure in the frontal lobe, striatum, and thalamus area may lead to
the emergence of ADHD when they were in childhood. However, most of the
existing studies focus on using a single MRI modality (e.g., fMRI or dMRI) for
investigating ADHD. Considering that these modalities can provide multi-view
diverse and complementary information, it is highly desired to design a unified
framework to effectively leverage multimodal MRIs for ADHD diagnosis.

Apart from advances in multimodal neuroimaging techniques, the develop-
ment of graph convolution networks (GCNs) has allowed researchers to treat
the human brain’s structural and functional connectivity patterns as the “con-
nectome” to learn rich graph embeddings/representations. Many previous works
use graph theory information such as modularity and hierarchy. Based on a
single modality, several previous studies [9,19–21] employed Kipf or Chebyshev
GCN and metric learning framework to measure the similarity between patients
and healthy controls. With multiple modalities, Xing et al.proposed a DS-GCN
model, consisting of GCN and Long term short Memory (LSTM) based on struc-
tural MRI (sMRI) and fMRI data, for automated diagnosis of mild cognitive
decline [22]. Several studies employed GCN models to perform brain disorder
analysis using DTI and fMRI data [23,24]. These studies have shown that using
GCN can achieve superior performance than traditional learning-based methods
on brain image analysis. However, they generally treat graphs corresponding
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to different modalities as homogeneous graphs, ignoring inherent inter-modality
heterogeneity of multimodal MRIs. As shown in Fig. 1 (a), compared with homo-
geneous graphs, multi-type nodes and edges comprise heterogeneous graphs, con-
taining richer information. Current GCN models dealing with multimodal data
(no matter with early or late fusion strategy) mine each modality separately,
thus cannot effectively integrate multimodal data for subsequent analyses. As
shown in Fig. 1 (b), after constructing heterogeneous fMRI-based and dMRI-
based graphs (i.e., connectivity matrices) for each subject, it is expected to
design a unify framework to learn useful graph embeddings/representations for
assisting in automated ADHD diagnosis.

In this paper, we propose a Heterogeneous Graph Attention Convolution
Network (HGACN) to fuse structural and functional MRIs for ADHD identifi-
cation. As shown in Fig. 2, we first extract diverse features based on functional
MRI (fMRI) and diffusion MRI (dMRI) to depict the brain topology. For each
subject, we employ the Automated Anatomical Labelling (AAL) template to
generate a functional connectivity matrix/graph from resting-state fMRI and
a fractional anisotropy (FA) matrix from dMRI. After pre-processing, we then
model these features into one heterogeneous brain graph through different types
of metapaths, with each type of meta-pathes corresponding to a specific modal-
ity or functional/structural relationship between paired regions of interest. We
leverage both intra-metapth and inter-metapath attention to aggregate and learn
useful graph embeddings for representing multimodal MRIs, and finally use them
to identify adult ADHD from age-matched healthy controls (HCs). Experimen-
tal results on 110 adult ADHD and 77 age-matched HC subjects demonstrate
the effectiveness of HGACN in integrating fMRI and dMRIs for ADHD identi-
fication. To the best of our knowledge, this is among the first attempts to fuse
resting-state functional MRI and diffusion MRI data via an end-to-end hetero-
geneous GCN model for automated brain disorder analysis.

2 Materials and Method

2.1 Data and Image Pre-processing

The studied ADHD dataset contains 110 adult ADHD patients and 77 age-
matched HCs recruited from a local hospital. Each subject is represented by
three imaging modalities, including structural MRI (sMRI), rs-fMRI and dMRI.
The demographic information about the studied subjects can be found in Table 1.

For rs-fMRI data, we leverage the Data Processing Assistant for Resting-
State fMRI (DPARSF) to calculate functional connectivity matrix based on the
AAL atlas. Specifically, we first discard the first ten time points, followed by slice
timing correction, head motion correction, regression of nuisance co-variants of
head motion parameters, white matter, and cerebrospinal fluid (CSF). Then,
fMRI data are normalized with an EPI template in the MNI space, and resampled
to the resolution of 3 × 3 × 3 mm3, followed by spatial smoothing using a 6 mm
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Table 1. Demographic information of studied subjects in the Adult ADHD dataset.
M: Male; F: Female; Std: Standard Deviation.

Category #Subject Site 1 Site 2 Gender (F/M) Age (Mean±Std)

Adult ADHD 110 72 38 37/73 25.9± 4.9

Healthy Control (HC) 77 43 34 34/43 26.0± 3.9

full width half maximum Gaussian kernel. Finally, the AAL atlas, with 116 pre-
defined regions-of-interest (ROIs) including cortical and subcortical areas, are
nonlinearly aligned onto each scan to extract the mean time series for each ROI.

The dMRI data are preprocessed through FMRIB Software Library (FSL)
with the following operations. 1) We first use the brain extraction tool (BET)
to remove non-brain tissue; 2) then leverage nonuniform intensity normalization
(N3) algorithm for filed bias correction on T1-weighted sMRIs; 3) further employ
eddy current induced distortion to correct DWI scans; 4) also adjust the diffusion
gradient strength accordingly, and 5) finally calculated the fractional anisotropy
(FA) from DWI scans based on diffusion tensor fitting.

2.2 Method

As shown in Fig. 2, our HGACN model aims to combine multimodal MRIs into a
unified heterogeneous graph learning framework for identifying ADHD patients
from HCs. For each subject, we construct two heterogeneous graphs based on its
functional and structural connectivity features derived from fMRI and dMRI,
respectively. More details can be found in the following.

Construction of Heterogeneous Graph. The structure of a heterogeneous
graph can be defined as G = (V ,E), where V and E denote the nodes and edges
in the heterogeneous graph, respectively. The node set V has two different types
of nodes (with each node corresponding to a specific ROI): 1) functional nodes
Vf , and 2) structural nodes Vd. The edge set E consists of three types of pairwise
ROI relationships: 1) functionally connected edges Eff that represent functional
uniformity between Vf nodes based on their Pearson correlation, 2) structurally
connected edges Edd that express structural connectivity coherence between Vd

nodes based on their fractional anisotropy, and 3) location-related edges Edf that
connect two different type of ROIs (Vd and Vf ) which are physically close in the
predefined atlas. In this work, we employ AAL atlas containing 116 ROIs for
brain ROI parcellation. Besides, for a heterogeneous graph, we define a meta-
path to describe a composite relationship (V1

E1−−→ V2
E2−−→ · · · El−→ Vl+1) between

a set of nodes (e.g., V1 and Vl+1).
After constructing heterogeneous graphs, we propose a novel Heterogeneous

Graph Attention Convolutional Network (HGACN) to learn new graph embed-
dings/representations for input subjects. Denote I as an identity matrix, A as an
adjacency matrix, and M as a degree matrix. Similar to standard GCNs [9,25]
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that are performed on homogeneous graphs G, the aggregation operation with
an adjacency matrix A

′
= A + I is defined as follows:

H(l+1) = σ( ˜A · H(l) · W (l)) (1)

where σ(·) is an activation function such as ReLU, ˜A = M−1
2A

′
M− 1

2 denotes
the symmetric normalized adjacent matrix, and W (l) is trainable parameters for
the l-th layer in GCN.

Through Eq. (1), we can only deal with nodes containing the same shared
embedding space, therefore failing to handle heterogeneous graphs that contain
different types of nodes and edges. To address this issue, we define a new graph
convolution to explicitly take advantage of different types of node and edge
information in a heterogeneous graph, as follows:

H(l+1) = σ(
∑

τ∈T

˜Aτ · H(l)
τ · W (l)

τ ) (2)

where T denotes all types of nodes (T = 2 in this work) in heterogeneous graph,
˜Aτ denote the adjacency matrix corresponding to the τ -th type (τ = 1, · · · , T ).
Based on Eq. (2), the new representation H(l+1) is generated by aggregating
different types of edges with different transformation matrices W

(l)
τ from their

neighboring nodes H
(l)
τ .

Note that different types of neighboring nodes would have different impacts
on a specific node, and the same type of nodes may be similarly affected by their
neighbors. To model these characteristics, we propose to capture the intra- and
inter-metapath attention information to learn more effective graph embeddings.

Intra-metapath Aggregation. For a specific node v, attention for intra-
metapath aggregation will learn the weighs of the same types of neighboring
nodes. Specifically, we denote hτ =

∑

v′ ˜Avv′ hv′ as the embedding of the τ -th
type of nodes based on their neighbor node features hv′ . Then, we calculate the
intra-metapath attention score as shown below:

ατ = σ(μT
τ · [hv ⊕ hτ ]) (3)

where μτ is the attention vector for the τ -th type τ and ⊕ denote the concate-
nation operation. After that, we compute the final node-level attention weight
of the τ -th node type based on a softmax function as follows:

ατ =
exp(ατ )

∑

τ ′ ∈T exp(ατ ′ )
(4)

Inter-metapath Aggregation. Besides the intra-metapath aggregation on a
specific node type, we also propose to model the importance of different neighbor
nodes between different types. Denote Nv as a node set, with each node denoting
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a neighbor of a center node v. Note that these neighbor nodes and the center
node v may be defined in a different manner (i.e., belonging to different types of
node sets). Given a specific node v defined in the τ -th node type, we calculate
the inter-metapath attention based on its neighbour nodes v′ ∈ Nv as follows:

βvv′ =
exp(σ(nT · ατ ′ [hv ⊕ hv′ ]))

∑

i∈Nv
exp(σ(nT · αi[hv ⊕ hi]))

(5)

where hv and hv′ denote the embeddings of the node v and the node v’, n is a
to-be-learned attention vector, and ατ ′ and αi are calculated from Eq. (3).

Based on intra- and inter-metapath aggregation with two attention opera-
tions, the final heterogeneous graph convolution can be written as follows:

H(l+1) = σ(
∑

τ∈T
Bτ · H(l)

τ · W (l)
τ ) (6)

where the attention matrix B is a diagonal matrix whose v-th diagonal element
is defined in Eq. (5).

Implementation. The whole HGACN framework stacks 3 heterogeneous graph
convolution layers and one softmax layer for the final classification based on our
learned new graph embedding for each subjects. We optimize the HGACN via
the Adam algorithm, with the learning rate of 0.001, the number of epochs of 150,
and the mini-batch size of 15. We implemented the HGACN based on Pytorch,
and the model was trained with a single GPU (NVIDIA GeForce GTX TITAN
with 12 GB memory).

3 Experiment

Experimental Setup. We evaluate the proposed HGACN and competing
methods on the ADHD dataset through a 5-fold cross-validation strategy. The
performance of MDD identification from age-matched HCs is measured by three
metrics, including accuracy (ACC), sensitivity (SEN), and specificity (SPE).

Competing Method. We first compare the HGACN method with two conven-
tional learning methods based on two connectivity matrices, including 1) Prin-
cipal Component Analysis (PCA) + Support Vector Machine with Radial Basis
Function kernel (PS), and 2) Clustering Coefficients (CC) with SVM (CS). The
CC can measure the clustering degree of each node in a graph and can be treated
as a feature selection algorithm. Hence, two different feature selection or extrac-
tion methods are used to reduce the dimensionality of original features. The num-
ber of components in PS is chosen from 3 to 50, with the step size of 1 via inner
cross-validation. The CS method is associated with the degree of network spar-
sity, where the sparsity parameter is chosen from {0.10, 0.15, · · · , 0.40} according
to cross-validation performance. The parameter C of SVM (with RBF kernel)
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Fig. 3. Results of three methods (i.e., CS, PS and GCN) with single modality data for
ADHD vs. HC classification, i.e., fractional anisotropy (FA) derived from dMRI and
functional connectivity (FC) from resting-state fMRI.

used in CS and PS is chosen from {0.80, 0.85, · · · , 3.00} via cross-validation, and
we use default values for the other parameters.

We also compare the proposed HGACN with the state-of-the-art deep learn-
ing method, i.e., graph convolutional network (GCN) [25] with K-Nearest
Neighbors graph generated from structural or functional connectivity matrix.
The parameter k for constructing KNN graphs is chosen from {1, 2, · · · , 30}.
After modeling the node-centralized local topology (reflected by vertices and
their connectivity) as the group-level shared by all subjects, the GCN method
also contains 3 graph convolutional layers and one fully-connected layer.

Since two different data modalities are used in our study, we employ both
early fusion (EF) and late fusion (LF) strategies for different methods to take
advantage of these modalities. Specifically, for early fusion, we simply concate-
nate different types of features for the same subject as input features, followed
by a specific machine learning algorithm (e.g., CS). For late fusion, we will first
perform classification (e.g., via CS) based on each modality separately, and then
combine/average their predictions to achieve the final diagnosis results.

Results Using Single Modality. As shown in Fig. 3, we report the disease
classification results achieved by three machine learning methods based on single
modality data. From Fig. 3, we have the following interesting observations. First,
the GCN method is superior to other traditional methods when using functional
connectivity (FC) features. It achieves at least 4% improvement compared with
other methods. This demonstrates the necessity and effectiveness of exploiting
graph topology on them. Besides, for two traditional learning methods and the
GCN method, results on FC calculated from fMRI are slightly better than those
on fractional anisotropy (FA) data derived from dMRI in most cases.

Results Using Multiple Modalities. To evaluate the efficiency of the pro-
posed heterogeneous graph framework when dealing with multi-modality data,
we compared our HGACN with three competing methods using two multi-
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Table 2. Results of our HGACN and three competing methods (i.e., CS, PS, and GCN)
with early fusion and late fusion strategies in the task of ADHD vs. HC classification.
The terms “EF CS” and “LF CS” denote CS with the early fusion and late fusion
strategy, respectively.

Metric EF CS LF CS EF PS LF PS EF GCN LF GCN HGACN

ACC 0.625(0.027) 0.631(0.031) 0.628(0.029) 0.622(0.049) 0.679(0.034) 0.667(0.042) 0.701(0.035)

SEN 0.583(0.030) 0.698(0.031) 0.743(0.052) 0.727(0.028) 0.669(0.038) 0.676(0.021) 0.763(0.045)

SPE 0.667(0.033) 0.574(0.029) 0.459(0.057) 0.467(0.048) 0.638(0.023) 0.683(0.031) 0.648(0.026)

modality fusion strategies, with results reported in Table 2. From Table 2, we can
see that our HGACN method achieves at least 2% improvement in terms of ACC
and SEN values, compared with the competing methods. This demonstrates
the effectiveness of our proposed HGACN in integrating multimodal MRIs for
ADHD diagnosis. Besides, with CS as the final discriminator, we can obtain
better results using the late fusion strategy. In the remaining cases, early fusion
is a better option. Recalling the results in Fig. 3, we can observe that one can
obtain the overall better results using multi-modality data (no matter with early
or late fusion).

These results imply that fMRI and sMRI contain complementary information
that help boost the identification performance for ADHD patients.

4 Conclusion and Future Work

In this paper, we propose a heterogeneous graph attention convolution network
(HGACN) to integrate different modalities data in a unified GCN framework.
Specifically, we first calculate FC and FA features from fMRI and dMRI data.
Then, each subject will construct a heterogeneous graph with two types of nodes
and three different categories of edges. We further employ attention mechanisms
to aggregate information between intra- and inter-metapaths. Finally, we use new
graph embedding to predict the label of the subject. Thus, the proposed HGACN
can effectively capture complementary information between different types of
brain connectivity features. Experimental results on 187 subjects demonstrate
that our method yields state-of-the-art performance in identifying adult ADHD
patients from healthy controls.

In the current work, we only focus on functional/structural connectivity
matrices to capture subject-level connectivity topology. Actually, information
conveyed in structure MRIs such as tissue volume can help uncover the neuro-
biological mechanisms of ADHD, which will be considered in our future work.
Also, we simply combine multimodal MRIs acquired from two imaging site in the
current work and ignore their inter-site differences. In the future, we will focus on
alleviating inter-site data heterogeneity to further boost ADHD identification.
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